Certificates of 1,449,287 live births and fetal deaths filed in Georgia from 1980 through 1992 were linked to create chronologies that, excluding induced abortions and ectopic pregnancies, constituted the reproductive experience of individual women. The authors initially used a deterministic method (whereby linking rules were not based on probability theory) to link as many records as possible, knowing that some of the linkages would be incorrect. They subsequently used a probabilistic method (whereby evaluation of linkages was developed from probability theory) to evaluate each linkage, and they broke those that were judged to be incorrect. Of the 1.4 million records, 38% did not link to another record. From the remaining records, 369,686 chains of two or more events were constructed. The longest chain included 12 events. Of the chains, 69% included two events; 22% included three events. Longer chains tended to have lower scores for probable validity. The probabilitybased evaluation of chains affected 3.0% of the records that had been in chains at the end of the deterministic linkage. A greater percentage of records in longer chains were affected by the evaluation. Unfortunately, the small subset of records that were the most difficult to link tended to overrepresent groups with the greatest risk of adverse pregnancy outcomes. Researchers contemplating a similar linkage can anticipate that, for the majority of records, linkage can be accomplished with a relatively straightforward, deterministic approach. Am J Epidemiol 1997; 145:339-48. birth certificates; epidemiologic methods; fetal death; medical record linkage; reproductive history Population-based data on women's reproductive experiences over successive pregnancies have not been available in the United States until recently. Crosssectional studies have provided most of our current understanding of the relations of outcomes across pregnancies. For example, analyses of cross-sectional data have led researchers to conclude that perinatal mortality increases with each subsequent birth (1). When a woman's total number of births is taken into
Population-based data on women's reproductive experiences over successive pregnancies have not been available in the United States until recently. Crosssectional studies have provided most of our current understanding of the relations of outcomes across pregnancies. For example, analyses of cross-sectional data have led researchers to conclude that perinatal mortality increases with each subsequent birth (1) . When a woman's total number of births is taken into account, however, a different pattern emerges: The risk of perinatal mortality decreases with each subsequent birth (1) . Thus, cross-sectional studies can lead to false conclusions. In contrast, analyses of longitudinal data (i.e., data on an individual woman's successive pregnancies) offer many advantages: They can better elucidate patterns across pregnancies, and they are not biased by selective fertility (2, 3) . Finally, longitudinal data are important for evaluating the success of public health interventions, such as progress toward reducing the rate of repeated cesarean section.
Compiling longitudinal data in the United States has been difficult because of the absence of unique identifiers that facilitate linking records. This report describes the methods used to link birth and fetal death certificates filed in Georgia from 1980 through 1992 and gives an overview of the results.
MATERIALS AND METHODS
We linked live birth and fetal death certificates into chronological chains of events that, excluding induced abortions and ectopic pregnancies, constituted the reproductive experience of individual women. Each baby or fetus corresponded to a reproductive event that was represented by a record in the computer file. Thus a twin birth, for example, corresponded to two events.
Induced abortions were excluded because the vital records for these events lacked personally identifying information (hereafter referred to as personal identifiers). Certificates for ectopic pregnancies were not reliably recorded. We use the term link to mean designation of two records as belonging to the same mother. A chain is a set of two or more records that have been linked. If a record is linked to any record in an existing chain, that record becomes a member of the chain and is considered to be linked to all other records in the chain. If two records belonging to different chains are linked, the two chains are combined into a single chain. A record cannot be a member of more than one chain.
Theoretically, each person in the United States has a unique identifier: his or her Social Security number. As described below, we found that Social Security numbers alone were inadequate for complete linkage. Instead, we used a combination of variables, including maternal date of birth, first name, maiden name, and Social Security number.
The linkage process entailed two multistep procedures. First, we used a deterministic method to link as many records as possible, knowing that some of the linkages would be incorrect. We then used a probabilistic method to evaluate each linkage, and we broke linkages that were judged to be incorrect. The initial record-linking method employed linking rules based on our judgment and intuition. It was deterministic in that the linking rules were not developed or justified on the basis of probability theory. In contrast, the method used for breaking linkages was probabilistic in that the rules for delinking were based on probability theory.
We apply the terms match and matching both to pairs of records and to pairs of values of a variable contained in two different records. If a pair of records matches, it means that the two records (events) correspond to the same mother. When we say that the values of a variable in two different records match, we mean that the two values are enough alike that we conclude that the correct values are identical. In other words, the values would be identical if they had been reported, recorded, and keyed correctly. For example, one of the variables used in the deterministic linking process was mother's first name; the two values "Sally" and "Sallie" were considered a match and were awarded the same score as if the two values had been identical. We use the term exact match to signify identical pairs of values. All processing of records consisted of sorting and sequential processing using SAS programs (4).
Data available for linking
The database included vital records for 104,102 fetal deaths and 1,345,185 live births from 1980 through 1992 that occurred in Georgia, regardless of maternal state of residence, or that occurred in other states to Georgia residents and for which certificates were sent to Georgia. Georgia law requires the filing of a fetal death certificate for all spontaneous terminations of pregnancy not resulting in a live birth, regardless of the length of gestation before the termination occurs. We used 27 variables to create and evaluate the linkages (table 1) .
Deterministic linkage
The deterministic linkage consisted of phase I, which entailed six processing steps during which chains were formed and individual (previously unlinked) records were added to chains. Next followed phase n, which entailed multiple passes through the file to combine chains belonging to the same mother. At each step in phase I, the file was first sorted on one or more key variables; then all pairs of records having the same value of the sort key were compared and considered for linking. For example, in the first step, all pairs of records having the same mother's date of birth (month, day, and year) were compared and considered for linking. This process required sufficient computer memory (real or virtual) to allow all records having the same sort key to be held in memory at one time. If the data had been complete and error free, all matching pairs of records could have been identified based on a single key variable. Because some data were missing or inaccurate, however, we repeated the process for multiple key variables to identify as many matching pairs of records as possible. Appendix 1 lists the key variables used in the six processing steps.
In each step, record matches were determined by comparing pairs of records on 10 variables (table 2) and computing a deterministic score for each pair. A match on any of the variables added one point to the deterministic score; no points were given when data were missing. Points were subtracted for nonmatches * Linkage criteria include matching this variable as one of at least two maternal variables (to avoid linkage on paternal information only) and one of the following: 1) a deterministic score of 4 or greater, or 2) a deterministic score of 3 and matching on two name variables and one numeric variable.
f Only 1 point can be given for matches between child's and father's surnames, regardless of whether the match derived from a comparison of father's surname on record A and child's surname on record B or vice versa. on some variables (table 2) . Criteria for declaring a match are listed in table 2. Mother's last name was not used in the scoring because it was not recorded on birth certificates before 1989 and thus was not available for the bulk of our records.
To allow for spelling and keying errors, we did not require exact matches on first names, surnames, or Social Security numbers. For first names, we required that only the first three letters match exactly. For surnames, we applied an algorithm that took into account the length of the name and the number of matching letters. For Social Security numbers, we permitted as many as two transpositions or incorrect digits.
Appendix 1 includes a description of rules that constrained the linkage at each step in phase I. These rules were designed to avoid the formation of separate chains corresponding to the same mother (chain fragments). In spite of these measures, the method resulted in some chain fragments, so that after the six steps were completed, additional passes were made through the file (phase II) to consolidate any fragments. Because of the sequential nature of our processing and the potentially complex linkage patterns required for combining multiple chains, the phase II process of combining chains was a nontrivial task, requiring multiple passes through the file.
Probabilistic evaluation of linked records
To identify linkages that were likely to be incorrect, we evaluated each potential chain using a probabilistic approach, wherein linkage (or delinkage) decisions were made according to rules based on probability theory. The methods were based on the general approach widely ascribed to Fellegi and Sunter (5) and refined by many other authors (6) (7) (8) . Our process consisted of the following eight elements: 1) establishment of the probability-based linkage scoring methods; 2) selection of variables and definition of outcome sets for record-record comparisons on all variables; 3) estimates of required probabilities from the database; 4) computation of scores for all record pairs in each of the chains that had been formed by the deterministic linkage; 5) from the record pair scores, computation of a quality index (called the weakest path score) for each chain; 6) manual review of randomly selected chains to establish the cutoff score for breaking chains; 7) application of the cutoff rule to all chains, breaking those that fall below the cutoff; and 8) manual review of the few remaining chains having marginal scores, breaking those that appear to be incorrectly linked. Although these elements are listed in logical sequence, there was considerable overlap and iteration, especially in steps 2-4, as we worked through the process of defining variables and assessing Am J Epidemiol Vol. 145, No. 4, 1997 their discriminating power. These three steps required regular visual review of distributions of values of the variables, outcomes of record-record comparisons on the variables, and linked records.
Step 6 also required a visual review of many chains. The visual review of chains in step 8 required, in comparison, only a moderate amount of labor. Figure 1 lists the 18 maternal, paternal, and other variables used in computing the probability-based scores for pairs of linked records. For each of the variables, X,, / = 1,2, ..., 18, the linkage score component, r,, was based on the outcome, x t , of comparing X, values in two records. For some variables, such as maternal middle initial, we observed only whether the two fields matched exactly; thus the corresponding x, could take only the values "match" and "nonmatch." For other variables, the outcome set was more complex, as described below.
The 18 scores, r h computed from the results of the comparisons of the 18 variables, were added to obtain the composite, probability-based score r for each record pair. This scheme is intuitively appealing in that the score r,-for a variable is positive if the corresponding fields match, and it is negative if they do not match. Details of the computations used in probabilis- used as an indicator of biologic plausibility). tic evaluation of linkages are given in Appendix 2. Adding the 18 variable scores /•" which are logarithms of probability ratios, to obtain an overall score r is appropriate as long as the 18 outcome variables are independent. This assumption of independence among the Xj appeared generally to be a reasonable working assumption, with a few notable exceptions, discussed below.
Fetal Death and Birth Certificate Variables
The outcome sets (values of *,) reflected multiple degrees of matching for the following variables: maternal Social Security number and years of education; dates of most recent live birth and fetal death; numbers of previous live births and fetal deaths; and event dates (to measure the biologic plausibility of interval between two events). The purpose was to allow for comparisons that, although not perfect matches, suggested that the records belonged to the same mother. For example, when "mother's years of education" was compared for two records, the following outcomes were considered: Years of education matched exactly, the chronologically later record had 1 more year of education than the earlier record, the later record had 2 more years of education than the earlier record, and so forth. As expected, scores (r, values) were higher for closer matches.
The outcome sets for the dates of the most recent live birth and fetal death and the numbers of previous live births and fetal deaths (figure 1, variables 14-17) were determined as follows. We first checked for whether the date (month and year) of the most recent live birth recorded on the chronologically later record was the same as the date of the earlier live birth. If the dates did not match exactly, we checked whether the date on the later record was after the earlier live birth, suggesting a failure to link a live birth that occurred between the two records. Thinking that data for the most recent live birth could have been inaccurately recorded in the field for most recent fetal death, we also checked to see whether the date for the most recent fetal death recorded on the chronologically later record was the same as the date of the earlier live birth. We repeated these steps for the date of the most recent fetal death, checking the date of the most recent fetal death for possible incorrect recording in the field for the most recent live birth. Finally, we separately checked fetal deaths and live births for consistency between the number of previous events of each type recorded on the certificate and the number of preceding records in the chain.
We used the interval between two events (figure 1, variable 18) as an indicator of biological plausibility of a record match, judging that very short intervals were unlikely. The outcome set consisted of the following three categories: 1) less than 140 days between an Constructing Reproductive Histories 343 event (live birth or fetal death) and a subsequent live birth, 2) less than 55 days between an event and a subsequent fetal death, and 3) any other interevent interval. For outcomes 1 and 2, we required further that the event pair under consideration not be twins. Specific categories used for other variables are available from the authors.
The scoring method accounted for the specific values of the following variables: maternal first name and maiden name, date of birth, zip code of residence, race, and state of birth; and paternal date of birth, first name, and last name. For each of these variables, the set of outcomes, x,, reflected not only the degree of match but also the particular values for those situations when fields matched exactly. Thus greater weight was given to matches on less common values. For example, two records with the maiden name of "Adams," which is relatively common in Georgia, had a lower score than two records with the name "Gaudino," which is much less common. Likewise, two records with the mother's state of birth as Georgia had a lower score than two records with the mother's state of birth as Delaware.
In preparation for the scoring of record pairs, we had to estimate from the database probabilities from which matching scores, r,-, were computed. For each possible comparison outcome value, JC, -, for each variable X h we estimated the following two conditional probabilities: 1) P(xj\m), the probability of observing outcome *, given that the record pair is a match (i.e., the records correspond to the same mother); and 2) P(x,\m'), the probability of observing outcome x, given that the record pair does not match. (See Appendix 2 for additional notational definitions and development of the probabilistic scoring method.) For those variables for which the comparison outcome did not reflect the specific value of the variable (such as Social Security number), we estimated probabilities by taking advantage of the completed deterministic linkage. From existing chains, we used pairs of records that met stringent matching criteria as a set of "true" matches to estimate values of P{x\m). Similarly, we used a large pool of record pairs that were clearly nonmatches to estimate values of P{x\m').
For those variables (such as names) for which outcome (and thus P(xj\m')) varied according to the particular value of the variable, we used the frequency distributions of values in the database to estimate probabilities associated with each individual value (see Appendix 2 for details). By this means, matches on uncommon names received higher scores than matches on common names, as described above.
When data were missing for a variable in either or both of the records under consideration, the corresponding r, was set to zero, so that points were neither added to nor subtracted from the score.
In applying these scoring methods to the delinking of existing chains, we first computed the composite, probability-based score r for each pair of records in a chain (not just adjacent pairs). We then computed a "weakest path" score (described below) for the chain, and chains whose weakest paths were less than 16 were broken. This step yielded some shorter chains and some unlinked records. Finally, we reviewed the 20 chains representing 133 events that met either of the following two criteria: 1) the chain contained 10 or more events, or 2) the chain contained five or more events and had a weakest path score of 16-19. Those that were judged to be incorrectly linked were manually split. This final step was undertaken because of the low likelihood that a woman had 10 or more infants during the 13 years of the study and because of the observation that some of the longer chains with low scores were incorrectly linked.
The weakest path score is the lowest probabilitybased score in the "best" path (not necessarily the sequential, chronological connection) between any two records in the chain. For example, consider a three-record chain consisting of records A, B, and C, with probability-based scores shown in figure 2. The weakest path score is 25 because any two records (events) in the chain can be connected by a path that is never lower than 25. For example, the best path between records B and C is B-A-C, in which the probability-based scores are 30 and 25.
We established the weakest path cutoff value of 16 for breaking chains by manually reviewing many chains that had a wide range of record-record probability-based scores, r. We judged most record pairs having link scores of 16 as valid matches. Scores higher than 16 indicated even greater likelihood of match validity. To put the value of 16 in perspective, the score component, r h for an exact match on the Social Security number variable was 18. The range of r=30 r=25 r=15 FIGURE 2. Weakest path in a three-record chain used in the construction of reproductive histories in Georgia, 1980-1992. r, probability-based score.
Am J Epidemiol Vol. 145, No. 4, 1997 score components, r,, for exact matches on other key variables included the following: maternal maiden name, 6-13; maternal first name, 4-12; and maternal date of birth, [8] [9] [10] . Recall that score components, r h were negative for nonmatching fields, resulting in the subtraction of points from the composite probabilitybased score r.
RESULTS

Data used for linking
In Georgia, the reported annual number of live births increased from 95,640 in 1980 to 114,235 in 1992; and the reported annual number of fetal deaths increased from 6,556 in 1980 to 10,636 in 1992.
Assuming that approximately 15 percent of clinically recognized pregnancies end in spontaneous loss (9) and using the number of reported live births and fetal deaths to approximate the number of clinically recognized pregnancies, we estimated that 217,393 spontaneous pregnancy losses (fetal deaths) occurred. Only 104,102 fetal death certificates were filed, suggesting approximately 52 percent underreporting of fetal deaths.
Some variables were not collected in all years or were collected in different formats on fetal death and live birth certificates (table 1) . In general, personal identifiers were more completely recorded on certificates for live births than for fetal deaths. For live births, completeness of reporting was consistent across the 13 years of the study except for two variables. When initially planning the linkage approach, we considered but ultimately decided against basing it exclusively on the mother's Social Security number. The mother's Social Security number was not collected on fetal death certificates from 1980 through 1988 and tended to be missing in a nonrandom manner on other records. It was less likely to be recorded on certificates for babies bom to younger women, women with lower levels of education, and women who were not born in the United States (table 3) . A third consideration was that the mother's Social Security number was not always accurately recorded. More than 7,100 pairs of records were observed that had the same maternal Social Security number but had different maternal dates of birth, first names, and maiden names. Examination of the personal identifiers for these pairs suggested that the events corresponded to different mothers and that the matching Social Security numbers were erroneous.
Results of linkage
Of the 1.4 million records in the database, 38 percent (551,391) did not link to another record. From the remaining 897,896 events, 369,686 chains of two or more events that occurred to the same woman were constructed (table 4). The longest chain included 12 events. The preponderance of chains contained two events. For most chains, the weakest path had a score of 30 or more. Chains with greater numbers of events, however, tended to have lower scores for their weakest paths.
Impact of probability-based evaluation
The probability-based evaluation of chains resulted in delinkages affecting approximately 27,000 records, representing 3.0 percent of the records that had been in chains at the end of the deterministic linkage. Proportionately greater numbers of records in longer chains were affected by the assessment. For example, of the 5,768 records that were in chains of seven events after the deterministic step, 29.1 percent changed to shorter chains after the probability-based evaluation. In contrast, among the 247,275 records that were in chains of three events, 2.4 percent changed to shorter chains; and among the 506,012 records in chains of two events, 0.7 percent were split apart. The probabilitybased evaluation also affected proportionately more records of women whose marital status was unknown, who were of races other than white, who had 12 or fewer years of education, and who were born before 1950. Infant outcome (fetal death or live birth) and birth weight did not affect the likelihood that a record was delinked.
DISCUSSION
Major strengths of our linkage approach were identifying as many potentially correct linkages as possible and evaluating these linkages using a wide range of ancillary data. When we attempted linkage initially, we observed that women with less complete personal identifiers tended to have characteristics associated with increased risks of adverse pregnancy outcomes. For example, women whose certificates lacked their Social Security numbers tended to be younger or have less education-factors previously associated with adverse pregnancy outcomes (10, 11) . Similarly, women whose certificates lacked paternal information or who had different fathers for successive pregnancies were often not married and thus at increased risk for adverse pregnancy outcomes (10, 11) . Because of the public health importance of women with these characteristics, we avoided basing the linkages on only a few personal identifying variables. When evaluating the linkages, we attempted to compensate for potential overlinkage by using a probabilistic approach based on a wide range of personal attributes. In addition, every linkage was assigned a score that corresponds to its validity, permitting an analyst to select only linkages with highly valid scores. Throughout the linkage process, we were concerned that linkages would be driven by paternal information, resulting in the linking of events that had the same father but different mothers. Creation of links of this type was avoided in the deterministic part by requiring matches on two or more maternal variables. Additionally, when evaluating linkages, a limited number of paternal variables was considered, thereby restricting the impact of paternal information on the scores. Thus, linkages occurring solely on the basis of paternal information were judged to be very unlikely, and the manual review of records supported this impression.
A related consideration was the possibility that we failed to link events that had different fathers but were experienced by the same mother. An evaluation of this linkage, reported elsewhere (12) , showed rates of accurate linkage only slightly lower when paternity differed among a mother's births or when paternal information was not stated for one or more events. Thus, we believe that this linkage methodology yielded data appropriate for assessing the impact of changes in paternity on pregnancy outcome.
Potential weaknesses in the approach included a lack of independence among some of the variables used in the probabilistic evaluation of linkages and the occurrence of incorrect linkages between family members, especially mothers who were twins. The probabilistic evaluation of the linkages was based on the assumption that the variables used were statistically independent of each other. Generally, this appeared true. A few instances were observed in which this assumption did not hold, such as within ethnic groups for whom a small number of first names and surnames were used, thus violating the independence between first name and maiden name. This problem was exacerbated by the rareness of these ethnic names, which received high point values for matches.
In reviewing the linkages, we observed a few that appeared to occur between mothers who were twins. These mothers had identical information for date of birth, state of birth, maiden name, and race and often had very similar information for their first name (e.g., Mary and Martha), years of education, Social Security number, and zip code. Despite the use of a wide range of identifying information, some incorrect linkage of the offspring of mothers who were twins may be unavoidable, remedied only by manual review of many records. Because this type of error appeared rare, we did not undertake this review.
One cost of the approach was the substantial programing and computer resources needed to accomplish the linkage and the probability-based evaluation. The substantial resources were necessitated by the large number of records that were used and variables that were considered. Many time-consuming computer runs were required to build the tables of frequencies needed to assign probabilistic scores associated with individual variables. When the linkage was started, no commercially distributed software was available that met the needs of the project.
Beyond our methodological approach, the available data also influenced the success of the linkages. By limiting the database to certificates filed in Georgia, we excluded from the linkage events of women who had a delivery in another state and subsequently moved to Georgia. Because a national data set of fetal deaths and live births that contains personal identifiers is not available, there was no good alternative to using Georgia data. Limiting the database to events of 1980-1992 meant that there probably were not enough data to create lifetime pregnancy histories for many women. The likely underregistration of fetal deaths probably caused the linkage of these events to be incomplete. Finally, inaccuracies and omissions in personal identifying data inevitably limited the ability to link records.
Probabilities were used not to link records, but only to evaluate chains that had already been constructed. Developing the probabilities needed for linkage scoring required a set of records that were assumed to be correctly linked; thus, a probabilistic linkage could not have been done without first performing a deterministic linkage.
These linked data are being used to investigate a number of relations, such as the accuracy of the vaginal birth after cesarean section delivery method on the birth certificate. Analyses are in progress to evaluate the patterns of maternal behaviors across pregnancies, such as smoking and delayed entry to prenatal care. The data are also being used to examine the association between length of interpregnancy interval and pregnancy outcome, adequacy of prenatal care and risk of intrauterine growth retardation, and the impact of changes in paternity on adverse pregnancy outcome.
Researchers contemplating a similar linkage may be encouraged to know that, for the majority of records, linkage can be accomplished with a relatively straightforward, deterministic approach. Evaluation of our initial linkages shows that nearly all of them are accurate and that failure to link births correctly was rare (12) . Unfortunately, the small subset of records that are the most difficult to link tend to overrepresent groups at highest risk of adverse pregnancy outcomes. For these records, evaluation of a wide range of iden-Thus, in the first step, any pair of records that satisfied the matching criteria was linked. Linkages of the L-L type were consolidated into single chains within this step. It was possible to consolidate chains in the first step because there were no linkages to records outside the block of records having the same sort key. Such consolidation of L-L linkages was not possible in steps 2-6 because the members of a chain could be spread throughout the file. In steps 2, 3, and 5, only pairs of records wherein one of the records was previously linked and the other was unlinked were eligible for linking. The idea was to try to add records to existing chains where possible, rather than starting new chains. Because the rules disallowed U-U and L-L links in steps 2, 3, and 5, the process included later steps using the same sort keys to identify any remaining valid links that had not been permitted in earlier steps.
APPENDIX 2
Details of Probabilistic Evaluation of Linkages
For any pair of records, the event of having the same mother was denoted as m, the event of having different 
R = P(x\m)/P(x\m').
The quantity P{m) is the unconditional probability that two randomly selected records match (i.e., belong to the same mother). P(m) and K are constants for our data set. As the ratio R increases, P(m\x) increases. P(m) and K could have been estimated-at least roughly-from our data, but it was convenient to use r = log(fl) = log[P
(x\m)] -\og]P(x\m')]
as the working index of the likelihood of a match between two records, rather than computing P(m\x) per se. Thus, it was unnecessary to estimate values of P(m) and K.
If the x, are mutually independent (conditional on true match/nonmatch status), then Thus, computation of the score, r b requires estimation of the conditional probabilities P(x\m) and P(x,\m') or the ratio P(x\m)IP(x,\m') corresponding to the outcome x,. For variables for which the outcome does not reflect the specific value of the variable, we can estimate P(xj\m) from a large pool of correctly matched records. For this purpose, we used those record pairs produced by the deterministic linkage for which we were very confident of the correctness of the linkage. To estimate P(xj\m'), it was relatively easy to extract a large set of record pairs that clearly did not match.
For variables whose outcomes reflected the specific value of the variable, such as name variables, we estimated the unconditional probability of each outcome, P(x,), from the frequency distribution of the values of the variable and then assumed that when x { reflects identical values of X, in the two records, P(x,\m') = [P(x,)] 2 . For example, the probability of two records both having the maiden name "Adams" when the mothers are known to be different is approximately the same as when the two records are selected totally at random. We assumed further that P(x,\m) = P(x,), an approximation that causes very little distortion in the score component, r,-. This leads to R, = when Xj represents matching values of X t .
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